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— Abstract

Information related to land cover is immensely important to global change science. Here we describe the datasets and algorithms used to create the Collection 5 MODIS Global Land Cover Type product, which is substantially changed
relative to Collection 4. In addition to using updated input data, the algorithm and ancillary datasets used to produce the product have been refined. Most importantly, the Collection 5 product is generated at 500-m spatial resolution,
providing a four-fold increase in spatial resolution relative to the previous version. In addition, many components of the classification algorithm have been changed. The training site database has been revised, land surface temperature is
now included as an input feature, and ancillary datasets used in post-processing of ensemble decision tree results have been updated. Further, methods used to correct classifier results for bias imposed by training data properties have
been refined, techniques used to fuse ancillary data based on spatially varying prior probabilities have been revised, and a variety of methods have been developed to address limitations of the algorithm for the urban, wetland, and
deciduous needleleaf classes. Finally, techniques used to stabilize classification results across years have been developed and implemented to reduce year-to-year variation in land cover labels not associated with land cover change.
Results from a cross-validation analysis indicate that the overall accuracy of the product is about 75% correctly classified, but that the range in class-specific accuracies is large. Comparison of Collection 5 maps with Collection 4 results
show substantial differences arising from increased spatial resolution and changes in the input data and classification algorithm.

— Refinements to the STEP Database

* The System for Terrestrial Ecosystem Parameterization (STEP)
database provides training data for the MCD12Q1 product algonlhm.
In preparation for collection 5, the STEP datab was d and
extensively revised to ensure representative sampling of land cover.
Specifically, we examined:

o Geographic and ecological sampling based on biogeographic
realms, global biomes from Olson et al. (2001), and country level
statistics.

o Outlier and error analysis based on PCA of raw NBAR data,
annual EVI profiles, and of internal heter

Results from these analyses lead to augmentation of the database for
under-represented areas, reduction in size of large sites, and the
removal of ambiguous or physically altered sites.
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Global Distribution of STEP Sites

Summary of Major Changes to the MCD12 Land Cover
Type Product (MCD12Q1)
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+ 32-day NBAR data (7 land
bands) at 1-km resolution
derived from two 16-day values

+ 32-Day EVI data at I-km

+ Annual metrics (min, max,
mean) for each of the bands

+ 32-day NBAR (7 land bands), EVI
and LST data at 500-m resolution

Inputs derived from four 8-day values

+ Annual metrics (min, max, mean)
for each of the bands

— 2005 IGBP Land Cover Map (MCD12Q1)

+ MODIS V4 land-water mask
* V4 urban mask
Ancillary  |. prior probability layers based

« MODIS V5 land-water mask
« Updated V5 urban layer
« Prior probability layers based on

Data on Collection 3 data and Collection 4 data with inclusion of
ancillary data related global ; v
P new agricultural intensity data
croplands intensity
« Decreased reliance (weighting) on
« Significant reliance on out-of- | prior probability layers
date prior probability layers | + Improved treatment/representation
« Ad hoc reduction of of deciduous needleleaf forests
Algorithms | overestimated deciduous « Improved treatment/representation
needleleaf forests and wetlands |  of wetlands
* Minimal stabilization of inter- | + Improved techniques for
annual variation stabilization of year-to-year
+ Largely based on older TM5 | + Updated to more recent (2000+)
data Landsat imagery and GoogleEarth®
* Large sites with significant + Updated to conform to
STEP internal for 500-m data

Database |* Inadequate quality control « Extensive quality control including
Relatively poor and editing and removal of bad sites

ive sampling in | + A of sites in under-
represented areas and classes

key areas
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Posteror provabity
1. Sites are extracted from the o
training database and used to train
ensemble decision trees on the input
features summarized in the adjacent
table.

2. The decision trees perform the
classification on the global data using
a single year of inputs.

3. The results are adjusted to correct
various biases originating from the
training data and input features.

4. Finally the maps are cross-walked ﬁ .
to other class schemes.
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The figure to the right shows the
intermediaries produced at each stage
of processing for the tile h10v05 in
the Southeastern United States.
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Hudson Bay lowlands wetland complex Delta of the Kolyma River, Eastern Siberia
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Croplands on Western shores of Lake Victoria
Higher spatial Updated ancillary
resolution clarifies information results in
areas of forest a better depiction of
degradation and loss agriculture in Africa
— Classification Procedure — Stabilization of Inter-annual Variability —
The flowchart to the right - T il « There is substantial year-to-year variation in land cover lab
summarizes the land cover e L) resulting from mixtures of classes at 500-m spatial resolutio

The MCD12Q1
algorithm
imposes
constraints on
this variation.
Over a three
year window
apparent
changes in land
cover classes are
only retained if
the confidence in
the recent class is
higher than in its
alternatives thus
perpetuating
higher quality
labels.

and the difficulty in distinguishing spectrally similar classes

Above: the proportion of global pixels
changing from one year to the next
with stabilization (yellow) and without
(green).
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— Updated Ancillary Data Layers

* Ancillary data layers are used within the MCD12Q1 algorithm to aid
classification results when spectral data from MODIS do not effectively
separate classes. These data are derived from a variety of sources
including the Collection 4 MODI12QI1 product, agricultural intensity
data, and the MODIS land water mask.

A 150 km x 150 km moving window was used to compute the
approximate regional frequency of classes based on MODIS collection 4
data; this provides local likelihoods for each class at each pixel.

To prescribe the likelihood of agriculture or agricultural mosaic, we
used a new data set from Ramankutty et al. (2008; see below).

Lefi: Cropland
fractional cover per
pixel for the year 2000
(Ramankuity et al.,
2008).

Below left: probability
of > 60% croplands.
Below right: probability
of agriculture/natural
vegetation mosaic.

Prior Probabilty of Croplands (IGBP 12)

Prior Probability of Cropland/Natural Vegetation Mosaic (IGBP 14)

* Urban areas are classified separately using an ecoregion-based
stratification (Schneider et al., 2009). Below is an example of the
impr in urban rep: (yellow) for Guangzhou China: (a)
Landsat-based classification, (b) MODIS Collection 5, (c) MODIS
Collection 4.

— Cross-Validation Accuracy A nent
* A ten-fold cross-validation procedure was performed using the same
classification methodology but keeping aside ten percent of the lrammg
data for testing. [T ‘peodecer ades, standerd ervurs, md 9 Meerwce irterval

« Low cross-
validation
accuracies (e.g.,
IGBP classes 5, 6, o
8,9, 14) are ) 673 10
evidence of - 2
confusion among 634
classes with 2
similar ecological | 25 44
and spectral- <o
temporal 2 33
properties. . s
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